Motivation: Over-represented k-mers in genomic DNA regions are often of particular biological interest. For example, over-represented k-mers in co-regulated families of genes are associated with the DNA binding sites of transcription factors. To measure over-representation, we introduce a statistical background model based on single-mismatches, and apply it to the pooled 500bp ORF upstream regions of yeast. More importantly, we investigate the context and spatial distribution of overrepresented k-mers in yeast upstream regions.
Introduction
Over-represented k-mers in genomic DNA regions are often of particular biological interest. For example, over-represented k-mers in co-regulated families of genes are often associated with the DNA binding sites of transcription factors (van Helden et al., 1998 Brazma and Department of Biological Chemistry, College of Medicine. To whom all correspondence should be addressed. et al., 1998) . In this case over-representation is measured by comparing the frequency of k-mers in the coregulated genes to their frequency over all genes. However, over-representation can be compared between other sets and quanti ed in various ways. Here we i n troduce a new measure of over-representation, which compares a k-mer's frequency to the frequency of its one-basedi erence neighbors. Then we i n vestigate the spatial distribution of over-represented k-mers in yeast upstream regions.
Somewhat surprisingly, i n y east upstream regions, almost all over-represented k-mers have distinctive distribution patterns. Distinctive distribution patterns result from a variety of biological factors, so k-mers with nonrandom localization patterns generally have other nonrandom properties as well. Understanding a string's distribution pattern is an important component in inferring its biological signi cance.
In this paper we focus on some of the most common spatial distribution patterns for over-represented k-mers in yeast. In particular, for k = 8 or 9 we show that the three most common distribution patterns correspond to: a) homologous ORF clusters associated with sharply peaked distributions b) regulatory elements associated with a symmetric broad hill-shaped distribution in the 50-200 bp upstream region and c) runs of As, Ts, and ATs associated with a broad hill-shaped distribution also in the 50-200 bp upstream region, with extreme structural properties. This distribution is slightly asymmetric for runs of As and Ts, and trivially symmetric for runs of ATs. There is some overlap between the second and third patterns, but none with the rst.
Methods
Measuring over-representation is a statistical problem that depends on several considerations including: (a) selection of DNA regions (b) inclusion of expression data (c) motif representation (d) counting methods (e) background models and (f) over-representation statistics.
Sequence Data. While over-representation analysis can be applied to any class of genomic DNA sequences, from whole genome to upstream or downstream regions of co-regulated ORF sets (Brazma et al., 1998 van Helden et al., 1998 van Helden et al., 2000 , here we focus primarily on the 500 bp upstream regions (USRs) of each o f the 6225 ORFs in the yeast genome taken from the Stanford data base (fttp://genomeftp.standford.edu/yeast). For convenience, we often use the same label for the ORF and its USR. It is assumed that much of the control for each ORF's transcription rate resides in this region. Base positions in the USR are numbered positively with zero on the right, nearest the coding region.
Microarray Data. The methods to be presented can be applied to raw genomic data. For comparison purposes, however, and because such data is becoming increasingly available, in some of the analysis we also use microarray data from which classes of co-regulated genes can be inferred using clustering methods (DeRisi et al., 1997 Eisen et al., 1998 Brown et al., 2000 Hu et al., 2000 . We use the same data as in (Hampson et al., 2000) derived by studying the oxidative stress response in yeast using A metryx Gene Chip microarray t e c hnology (Wodicka, 1997) . In a typical experiment, the wildtype yeast strain YPH500 (Sikorski & Hieter, 1989) was used with 3 untreated controls grown at room temperature and 2 treated data sets, assayed independently. Oxidative stress treatment was given in the form of 0.4mM of oxygen peroxide (H 2 O 2 ) for 5, 10, and 20 minutes.
GeneChip Expression Analysis v. 3.1 software was used to obtain the average di erence values. All experiments were prepared using the polyA mRNA protocol.
Motif Representation. In (van Helden et al., 1998) , binding sites are represented as exact k-mers while in (Brazma et al., 1998) a restricted regular expression language is used to nd them via an e cient algorithm for computing su x trees. The most common recent representation for DNA binding sites is probability matrices (Bailey & Elkan, 1995 Chen et al., 1995 Brown et al., 2000 Hu et al., 2000 or, more generally, hidden Markov models (Baldi & Brunak, 2001) . In order to make the search through the space of probability matrices tractable, most programs carry out some form of heuristic search, resulting in the well-known problems with hill-climbing algorithms (see also (Pevzner & Sze, 2000 Pevzner, 2000 and references therein). We h a ve d e v eloped a hill-climbing algorithm to optimize IUPAC motifs or weight matrices for over-representation (Hampson et al., 2000 Kibler & Hampson, 2001 ), but the process of motif optimization is not pursued here since we o n l y analyze exact k-mers.
Counts. The number of occurrences, C0, of each of the 4 k k-mers (k 9) can be collected in a single pass through the data set. We c o u n t non-overlapping occurrences and report the results for k = 7 8 or 9 only, although useful results are also obtained with neighboring values of k. It is well known that certain regulatory motifs are active regardless of the strand on which they occur and these are better detected if the counts on both strands are aggregated. Other motifs are strand-speci c. Hence we compute both aggregated and single-strand counts.
Background Model. Over-representation of a k-mer must be assessed with respect to a statistical background model. We use Markov models of order l < k which can be measured on the data or some other reference set (Burge et al., 1992 van Helden et al., 2000 Bussemaker et al., 2000 Baldi & Brunak, 2001 ) to produce an expected estimate E l (C0). As a point of general comparison, based on the average rst-order nucleotide composition of yeast (A T 30%, C G 20%), the expected number of occurrences for a random 9-mer in the data set is between 2 and 60. Some strings of interest are well in excess of this range, but many are not. We also introduce a n e w background model where we estimate the counts of each k-mer as the average of C1, the summed count o f a l l k-mers that di er in one position.
This \mean eld" approximation can be extended to include multiple mismatches (C n n>1), or insertions and deletions, although these directions are not further explored here.
Over-representation Statistics. Several statistics can be used to detect signi cant o ver-representation with respect to background, such as ratio, log-likelihood, zscore, t-test, Poisson, and compound Poisson. Here we use ratios, z-scores, and binomial probabilities. Different combinations of background models and overrepresentation statistics can yield di erent rankings of k-mers with di erent task-speci c tradeo s. The localization results, however, are robust with respect to the di erent rankings because (a) there is substantial overlap between the sets of top-ranked k-mers across the most e cient combinations and (b) for all combinations, the three localization patterns we describe are dominant among the top-ranked k-mers, although the relative proportion of each pattern varies. Once robustness is established, the localization results are presented in terms of the ranking derived from the single-mismatch model with ratio statistics associated with reasonably large counts (above 10). There are 3k single-mismatch neighbors, hence we use the normalized ratio 3k C0=C1 to assess over-representation. C0 can be computed in a single O(N) pass, where N is the number of bases in the set (here N = 500 6225 3 10 6 ). Once C0 has been computed for all k-mers, C1 can be computed in 3k steps for each of the 4 k k-mers. The total time complexity of computing C0=C1 for all k-mers is therefore O(N) + O(k 4 k ). For k 9, this takes only a few seconds on a workstation. Successive v alues of C n , for increasing values of n, can also be computed in 3k 4 k steps as combinations of C p 's, p < n .
Spatial Distribution. A distinctive spatial distribution pattern on one or both strands can provide supportive information regarding the structure, function, or evolution of a k-mer. Regulatory motifs can often occur on either strand, but some distribution patterns are one-stranded or distinctly di erent o n t h e t wo strands, so the distribution on each strand is shown separately. In practice, this is computed by searching the transcribed strand for both a string and its reverse complement (RC). The histograms associated with the location of a k-mer are displayed back t o b a c k, facing up for the transcribed strand and down for the untranscribed strand.
Context Analysis. A conserved context around an over-represented k-mer on one or both strands can also provide useful information. Thus, once a particular kmer is selected, we study its context using both local and global alignments of the USRs in which it is found. Typical parameter values used in the alignment scoring function are: match = 1, mismatch = ;1, start delete = ;2, and continue delete = ; 1. Using those values, the average score of random USR pairs is -44, a score over 0 indicates some level of non-random homology, and a score over 50 virtually assures it (Hampson et al., 2000) . However, considerable local homology may exist without being apparent in the global homology score. Empirically, some USR pairs with local homology of over 200 bp have a negative global alignment score. For local alignments, we report the length of the longest highly homologous region, where \highly" is de ned as maintaining a positive alignment score over the length of the homologous region despite increasing the mismatch and delete values to -3. A larger value such a s -5 w ould identify shorter, more highly homologous regions.
To further investigate a k-mer's context, we a l s o b u i l d a probability matrix for a window o f m bases around it, as well as the corresponding consensus string. Conservation in the window can be assessed by computing at each position the relative e n tropy ( B a l d i & Brunak, 2001 ) RE = P X P X log(P X =Q X ) b e t ween the rst-order background distribution Q measured over the entire data set and the observed distribution P over X =A,T,G,C.
Results

Robustness
We ranked all possible k-mers for k = 7 8 a n d 9 using C0, the single-mismatch background model, as well as all Markov models of orders 1 to k ; 1, and di erent over-representations statistics including ratios, z-scores, and binomial probabilities (see Table 1 , 2, and 3 for a sample of results). Table 1 gives the number of TRANS-FAC m a t c hes using three representative measures. Yeast entries in TRANSFAC are AT-rich (about 56% AT), primarily due to runs of As and Ts, but also due to alternating As and Ts. Sorting on C0 alone yields strings with a bias toward high AT/GC ratios, including runs of As and Ts, and has a high TRANSFAC hit rate. These strings are biologically signi cant but, on the whole, are less interesting than over-represented strings with a more balanced AT/GC ratio. This problem can be addressed by using a low order (e.g. l = 1) background Markov m o d e l , but the ordering still has a noticeable bias toward strings containing long runs of As and Ts (Table 2) . Eliminating the AT-rich bias actually reduces the number of TRANS-FAC m a t c hes. C0/C1 reduces, but does not completely eliminate the bias for AT-rich strings or runs of As and Ts, but it identi es many additional interesting GC-rich strings with matches in TRANSFAC.
Markov models of higher orders (close to k) are also not optimal background models because their prediction is too close to the true value. T h i s i s o b vious for models of order exactly k, but can also be seen for other high orders. For example, in a simulation, we generated 6000 500 bp-long strings using an approximate rst order yeast distribution of A = T = 30% and C = G = 20%.
In each string, we inserted the 8-mer ATGCCGTA. As a result, this 8-mer is highly over-represented and is ranked at the top of the list by C0 o r C0=C1 with C0 = 6044 and C1 = 9 2 3 . Using a background Markov model of order k = 6 or 7, however, this particular motif cannot be distinguished from the random background with ratio or z-scores. Thus both low-and high-order Markov m o dels have d r a wbacks which are not present in the model we propose. Based on our experience, we recommend using Markov models of order close to k=2 as a rule of thumb as well as the single-mismatch model, or one of its variants. Indeed, di erent models and statistics have di erent biases and may be used selectively for di erent tasks, or simultaneously for comparison purposes. The one-mismatch model, for instance, is particularly suited for detecting k mers where the exact pattern is over-represented compared to the density of patterns in its immediate vicinity. Several variants, such as using (C0 + C1)=C2, are possible. It is also worth noting that, unlike the case of Markov m o d e l s o f a n y order, for any given k-mer none of its occurrences counted in C0 are used to compute the expected background value C1=3k.
In terms of over-representation statistics, small counts can be problematic for ratios (e.g. 1 v e r s u s 2 i s di erent from 10 versus 20), z-scores, or Gaussian approximation to the corresponding binomial model. Binomial probabilities require more computations but have less of these problems. On the other hand, z-scores, Gaussian approximations, and binomial probabilities always rank an observed/expected pattern of 20n=10n higher than a together with binomial probabilities may yield slightly better results if the goal is to nd transcription factor binding sites, especially those with high counts. But there are also plenty of interesting strings which most likely are not transcription factor binding sites, which are over-represented but with counts in a lower range than the most common regulatory motifs. These are likely to be easier to detect with a C0=C1 ratio. In any C0=C1. Not only is there a h i g h degree of overlap between the top ranked k-mers of each list, but the great majority of the k-mers at the top of each list satis es one of the three localization patterns to be described below (Table 4) . In what follows, the main localization results are reported using k = 9, and the 3k C0=C1 statistics with C0 > 10. In fact, the latter constraint i s automatically satis ed by all top-ranked k-mers.
Sharply Localized Distributions: Homologous ORFs
One-Stranded Localization
If 9-mers are sorted on C0=C1 without including the RC, a distinct and easily explained pattern of localization is observed for many k-mers. For example, in Figure 1 , the distribution of the string ACGAGGGTC and its reverse complement GACCCTCGT is shown, along with their C0 a n d C1 c o u n ts and normalized C0=C1 ratio. A tightly localized distribution on one strand only might result from a group of highly homologous ORFs associated with a series of duplication events. A single large duplication (Wolfe & Shields, 1997) in itself can only explain pairs of homologous ORFs, so large groups of homologous USRs can only be explained by additional duplication events, such as those resulting from shared transposable elements (Kim et al., 1998) . At least 6 of the top 20 C0=C1 k-mers in Table 2 are associated with transposon long terminal repeats but the homologous ORF families considered in this paper are not associated with any of the known transposons contained in t h e l i s t a t h ttp://www.public.iastate.edu/ voytas (Kim et al., 1998) . Seven of the top 20 C0=C1 9-mers in Table   2 belong to large homologous ORF families that are not associated with transposons (Table 4) .
As expected from homologous ORFs, the local context surrounding the string is indeed partially conserved (Table 5) . If the set of ORFs containing a highly localized over-represented string are aligned, they generally fall into one or two homologous sets, plus a few ORFs that are not strongly homologous to anything in the set. For example, local and global alignment scores for the USRs of the 19 ORFs containing the above string (or its RC) against the rst ORF in the set are given in Table  6 . Of the 19 ORFs, 13 fall in one homologous family, a lthough the amount of global and local homology varies over a sizable range. All of the 13 homologous ORFs are annotated in the Stanford database as either: \strong similarity to subtelomeric encoded proteins" or \strong similarity to members of the Srp1/Tip1p family" indicating that their coding regions are also homologous and of similar function. Pairs with a global alignment score in the 300s but a l o c a l score near 500 are moderately homologous over the entire USR rather than highly homologous over a portion of it. The string's location in the cluster of 13 homologous ORFs corresponds to the spike in the distribution of the whole set. Such highly concentrated unimodal distributions are characterized by their small location variance and therefore location variance can be used to detect and further study them. Strings with low variance usually have elevated C0=C1 ratios, although the converse is not generally true. A string may fall into more than one non-overlapping cluster of homologous ORFs (Figure 2) . Global alignment shows two clusters based on alignment with the rst and second ORFs (Table 7) . These two sets correspond to the two closely spaced spikes around position 370. There is very little homology between the clusters beyond the shared 9-mer. The fact that a speci c 9-mer is localized in approximately the same position in two v ery di erent ORF families may be due to random chance, but might indicate functional signi cance (see also Appendix A).
Two-Stranded Localization: Divergent ORFs
Another variant of highly localized distribution occurs when both the string and its RC are highly localized (Figure 3 ). In such cases, the ORFs containing the RC generally form a separate homology group from those containing the string itself. In this example, alignment with YCR104W (which contains the string on the direct strand) produces a homology set of 9 ORFs, and alignment with YBL108W (which contains the RC) produces a separate homology set of 6 ORFs ( Table 8) .
The 20-base consensus contexts of the string (S) and its reverse complement (R) show almost perfect local homology:
which extends to a broader local region. The local alignment scores of all the ORFs with the RC of the rst and third ORFs in Table 8 ) show an homologous regions roughly 200 bases long. ORF number 10 is an exception with a homologous region of roughly 300 bases. Extended local RC homology suggests that one set might (YBL108W and YCR104W) . G = global, L = local, R = reverse complement, C = cluster number. GR1 and GR3 do not show a n y global homology (not shown). be globally homologous to the RC o f t h e o t h e r , h o wever this is not the case. This particular distribution pattern is associated with divergently transcribed ORFs that have frequently replicated together, since it contains a substantial fraction of pairs of ORFs that are physically adjacent but on di erent strands of DNA (eg. YCR103C and YCR104W) with overlapping USRs. A distance of 500 between the divergent ORFs (that is a distance of 500 between their\0" points) would produce perfect RC homology in the current 500-base data set. The divergent pairs, associated with the rst cluster in Table 8 , have a distance of approximately 200, resulting in a local RC homology of approximately 200 bases. One possibility for the homologous but unpaired ORFs is that they replicated as intact pairs but su cient m utations accumulated so that one memb e r o f t h e p a i r i s d e c a yed and no longer recognizable as an ORF. For example, YBL108W does not have a divergent partner, but the divergent \ e m p t y" region immediately upstream of it is in fact homologous to YCR104WC. Thus, an homologous pseudogene can be assigned to that region.
To summarize the homology results, sorting 9-mers on C0=C1 without the RC i d e n ti es a number of strings with tightly localized distribution patterns. In general, these strings are the most conserved portion of larger homology regions between ORFs and can be further investigated by speci cally looking for strings with similar localized distribution patterns. This is achieved by sorting on location variance. Localized strings are used to identify groups of homologous ORFs, which are then further analyzed for conserved regions. Once an initial homology group is identi ed, additional group members are extracted by aligning a group member against the entire data set. Distributions with more than one spike often result in separate homology groups for each s p i k e. Distribution patterns in which both the string and its RC are localized generally de ne separate homology groups resulting from divergently transcribed ORFs.
Broad Symmetric Distribution: Regulatory Motifs
A second frequent class of spatial distribution patterns for over-represented k-mers is shown in Figure 4 and consists of a broad, fairly symmetric, hill localized around 50 to 200 bps. This corresponds to a preferred region observed in previous work (Brazma et al., 1998 Hampson et al., 2000 Hughes et al., 2000 . Including the RC in the calculation of C0=C1 h e l p s i d e n tify symmetric distributions but it is not a necessity for nding them. For 8-mers, this is the most common distribution pattern for strings with high C0=C1. of the individual strings with this distribution pattern indicates that many of them result from a small set of longer, degenerate motifs. A similar distribution arises for another string ( Figure  5 ) which will be considered in more detail. Most of the general conclusions drawn about it are applicable to the previous string. In fact, the two h a ve a strong tendency to co-occur in the same USRs. Both have been previously identi ed based on other extraction mechanisms (Hampson et al., 2000 Hughes et al., 2000 . There is no evidence of global or extended local homology between the ORFs containing the string, but there is a limited amount of local homology around the shared string as measured by the consensus context:
The consensus context indicates some local conservation between the direct and RC strands. However, it over-states the case since it does not indicate the actual amount of variability. For example, while the 5-base consensus context is identical for the string and its RC in the above example, it is actually quite variable on a case-by-case basis (Table 9 ). In spite of the variability at each position, the two probability tables are actually similar. This is because an abnormally large number of occurrences are in the context of divergent O R F pairs. There are 1343 divergent pairs that overlap in their 500 bp region, with an average overlap of approximately 290, so the probability t h a t a n y g i v en occurrence of a k-mer (67 + 51)=2 :27 = 16 in each set should be due to divergent ORF pairs, when in fact 36 are. This produces a high degree of symmetry in the two probability tables. The biological signi cance of this association with divergent pairs is unknown, but it is probably not a coincidence that many of the divergent pairs containing this string overlap in a way that preserves the preferred location (approximately 120) for both the string and its RC. Strings with broad distribution patterns are not adequately identi ed by sorting on location variance, but it is possible to devise a di erent localization lter by looking at the ratio of the counts in the 50-200bp region to the counts in the 500bp USRs, in isolation or in combination with C0=C1, or by using a similar chi-square test.
Most of the top-ranked strings found by this tuned ratio, applied to strings plus their RC with at least 40 counts in the 50-200bp region, have: (a) a similar symmetric distributions for the string and its RC (b) an elevated C0=C1 ratio and (c) an unexpectedly high number of divergent pairs. Many strings identi ed this way show a strong correlation with expression regulation during oxidative stress so, as in the case of homologous ORF families, the set of ORFs containing the string can be analyzed separately as a co-regulated ORF family (Appendix B). A number of strings are over-represented in this set besides the string used to de ne it. These additional conserved strings are candidate regulatory motifs.
The results in Appendix B are with respect to oxidative stress, but strings identi ed by C0=C1 presumably also correlate with other gene expression patterns resulting from other experimental treatments. A good example is TTACCCGGA (C0 = 4 5 C 1 = 2 9 8 ) , and its reverse complement TCCGGGTAA (C0 = 5 0 C 1 = 298), with normalized C0=C1 ratios of about 5. Like the previous string, this is an identi ed motif (Brazma et al., 1998 Hughes et al., 2000 that has a symmetric distribution, little base conservation in its consensus context, and occurs in divergent ORFs more frequently than expected. But unlike the previous strings, it is not correlated with a change in expression during oxidative stress.
To summarize the regulatory motif results, sorting 8-mers and 9-mers on C0=C1 identi es a number of strings with a broad, approximately symmetric, localization pattern in the 50-200 bp USR. These strings do not participate in a broader homology region. Many o f them appear to result from a small number of degenerate motifs. The strings occur in the context of divergent ORFs more frequently than expected and tend to co-occur in the same USRs. Many of these strings are correlated with down regulation during oxidative stress, or simply with elevated expression during normal growth conditions. The e ect may increase with the numberof occurrences per ORF. Sorting on on/o , down/up, or the fraction of counts in the 50-200 region, preferentially identi es such strings.
Broad Asymmetric Distribution: Strings of Ts and As
Ts and As are over-represented in the USR with frequencies of approximately A T 30% and C G 20%. However, even within this context, three types of ATrich k-mers stand out because of their extreme overrepresentation and distinctive localization: long strings of Ts possibly interrupted by a single C, long strings of As possibly interrupted by a single G, and alternating Ts and As. The rst two are RCs of each other and the third is its own RC. Similar sequences were reported in , and runs of Ts, As, and alternating TAs are also strongly over-represented with a broad hill-shaped spatial distribution in the region downstream of ORFs (van Helden et al., 2 0 0 0 ) . Interestingly, the dinucleotide TA is under-represented across a wide range of organisms, including yeast (Burge et al., 1992 Karlin & Mrazek, 1997 . These strings are of special interest since they are the most frequent strings in the USR. Consequently, strings of this type can be identi ed simply by sorting on C0. The two strings consisting of all Ts and all As are always the rst and second on the list when strings are sorted on C0 alone (3 < k 10), and runs of Ts containing a single C and runs of As containing a single G occupy many of the other top spots ( Table 2) . Runs of Ts (possibly containing a C) and runs of As (possibly containing a G) have a distinct, somewhat asymmetric distribution pattern (Figure 6 ). Runs of Ts and As are highly over-represented: for 9-mers, 1320 and 1250 versus an expected 60 based on the rst-order frequency of Ts and As. They do not occur in the context of large-scale homology or in an unexpected number of divergent ORF pairs. They are not strongly correlated with changes in expression. However, they do show some correlation with high on/o values (Appendix B), and, conversely, sorting for high on/o identi es strings with runs of Ts and As. One of the strings considered in the previous section, AAATTTTTC, can be viewed from this perspective: it contains runs of both Ts and As, has a slightly asymmetric distribution much like longer runs of Ts/As, and has a high on/o value.
The tendency for runs of Ts and As is re ected in the probability o f seeing a T or A based on what precedes it (Table 11 ). The more Ts that precede a location, the more like l y i t i s to be another T. In addition, a run of Ts is more likely to be followed by a C than a G. Similar results are obtained for runs of As. Cs and Gs show a quite di erent pattern. This shows that Ts and As tend to clump together, but does not explain the observed localization patterns. One possible explanation is that the distribution of runs of Ts and As simply results from the underlying distribution of the individual bases. That is, if individual Ts are denser in a particular region of the USR, runs of Ts would also be expected to be denser in that region. Based on the nucleotide probabilities at each of the 500 positions in the USR, the expected distribution pattern of any string can be computed. For k 4, the expected and observed are close for runs of Ts, but for longer runs the observed is increasingly in excess of the expected. Thus, rather than the frequency of individual Ts determining the distribution of runs of Ts, the converse in more likely. A similar situation occurs with runs of As. The preference for interrupting a run of Ts with a C can be seen in the local context of the string TTTTCTTTT (Table 10 ). There is only partial base conservation, but the enhanced probability of Ts and Cs is still apparent.
Alternating Ts and As show a similar distribution (Figure 7) . It is perfectly symmetric however, since it is reverse-complement i n variant. The peak appears to fall between the peaks of runs of Ts and As. The consensus context shows that the string occurs in the context of longer runs of TA alternation.
The 5-base context is TA-rich and shows the preference for TA alternation (Table 12) . Global alignment o f ORFs containing the string shows no evidence of global homology, and only limited local homology based on the extended region of TA alternation. Runs of As, Ts, and ATs have v ery unusual structural properties. Homopolymeric dA:dT tracts are known from X-ray crystallography to be straight and rigid (Nelson et al., 1987) . This can also be ascertained using a number of dinucleotide or trinucleotide structural scales (Baldi et al., 1999 Baldi & Baisn ee, 2000 , ranging from DNAse I bendability (Brukner et al., 1995) , to propeller twist angle (Hassan & Calladine, 1996) , to protein deformability (Olson et al., 1998) . Such regions of DNA are unlikely to bend easily and probably are bad candidates for nucleosome positioning when k is large. Studies in two di erent yeast species have shown that the homopolymeric elements destabilize nucleosomes and thereby facilitate the access of transcription factors bound nearby (Iyer & Struhl, 1995 Zhu & Thiele, 1996 . A single G (resp. C) in a run of A's (resp. T's) preserves the purine (resp. pyrimidine) tract and is unlikely to modify the sti ness properties. In contrast, the triplet ATA/TAT, character- istic of the TATA box, is highly exible according to the bendability scale and consistently with experimental results (Parvin et al., 1995 Starr et al., 1995 Grove et al., 1996 . Runs of alternating ATs can be shown to have maximal cumulative bendability (Baldi & Baisn ee, 2000) and are likely to be associated with particularly exible stretches of DNA.
Discussion
Regulatory motifs can be identi ed by looking at overrepresented k-mers in the regions surrounding classes of co-regulated genes derived, for instance, from microarray expression data or literature searches (van Helden et al., 1998) . Gene expression data, however, is not always available and can be highly variable Hegde et al., 2000 Long et al., 2001 ). Moreover, literature search is time-consuming if manual, and unreliable if automated. Furthermore, signi cant o ver-represented k-mers are not always associated with regulatory motifs.
We have developed an e ective over-representation method to identify biologically important k-mers in both raw genomic sequences and ltered data. The method is e cient with run-time linear in the data. The method, and its possible generalization (e.g. (C0+C1)=C2))relies on a single-mismatch b a c kground model that can overcome the limitations of other methods that work well for highly conserved motifs but can degrade as variability increases. There is no reason to expect that most interesting biological sequences are over-represented against single mismatches. But the converse appears to be true: strings that are over-represented against single mismatches do appear to be biologically interesting and these are worth investigating for their own sake. We h a ve applied over-representation methods to yeast USRs and have found that localization analysis can be used to further re ne and articulate over-representation results.
All k-mers of a given length were scored and sorted based on the over-representation measure C0=C1. Surprisingly, m o s t o ver-represented k-mers have highly nonrandom distribution patterns. The three most common patterns were chosen for further investigation. The rst corresponded to conserved regions in homologous ORF families, the second resulted from certain types of regulatory motifs, and the third resulted from strings containing runs of Ts and As and TAs. Sorting on up/down and on/o expression levels identi ed many of the same k-mers as the second and third groups. Other distinctive distribution patterns exist, but these provide a reasonable sample of the most common distribution patterns that are selected for using C0=C1 on the complete set of yeast's USRs. High-scoring k-mers sometimes result from transposon long terminal repeats, but that source of over-representation was not pursued in this paper.
Most importantly, what emerges from our analysis is a general data-mining methodology for regulatory and other regions in large genomic data sets that is computationally e cient and can exibly accommodate complementary DNA microarray d a t a . In the case of USRs, the ow c hart can be summarized as:
1. Identify possible interesting k-mers by computing over-representation using several measures, including C0=C1, applied to both the coding strand and the coding strand plus its reverse complement. 2. Analyze the context of these strings using standard alignment and pro le methods. 3. Analyze the spatial distribution of these strings using lters, such a s l o w location variance. 4. Analyze the structure of these strings using structural scales, such as bendability. 5. Focus on strings with highly non-random context and/or spatial distribution and/or structural pro les across the USRs containing them. 6. Strings with highly conserved context and low spatial variance correspond to homologous USRs. The source of homology, s u c h as transposable elements, can be further investigated. 7. The remaining strings, with highly non-random context/localization/structure can be clustered into di erent \patterns" and are likely to play signi cant roles, including regulatory motifs.
Here we h a ve systematically applied this approach t o yeast USRs. No doubt some of the parameters we n d in the non-random distribution patterns, such as the \50-200 bp", are organism-dependent. We are in the process of further corroborating and extending the approach to other genomes, including so far Escherichia coli, Chlamydia, Drosophila and Arabidopsis where the Once an initial cluster has been identi ed, a more comprehensive s e a r c h can be made through the entire data set to nd further ORFs with some homology to a representative member of the set. For example, globally aligning the rst and second ORFs in Table 7 against all 6225 ORFs in the data set yields the sets in Table 13 . This expands the numb e r o f O R F s i n t h e t wo s e t s f r o m 5 a n d 8 t o 2 1 a n d 9 . Given a family of homologous ORFs, it is possible to investigate which parts are most conserved and which parts are variable. Like looking for conserved regions of homologous ORFs across di erent species, families of homologous ORFs within a single species can be analyzed for conserved regions.
The set of 21 ORFs in Table 13 show a considerable amount of variability in their global alignment scores, but 20 of the 21 contain the 8-mer AACAAATA, all at position 10. Likewise, 20 of the 21 contain TATAAATA at position 100. There are numerous conserved strings, 1: *. ..*............................................. ...*.*.*.......***** 2: ***. .......................................................... ....**** 3: .***. ......................................**................. ....**** 4: *****. ..................**..................................... ....*** 5: ***. ............................................................ and many are in the 0-100 region, suggesting there is something special about this area. This is the basal promoter region, which is in fact quite di erent from the rest of the USR. For example, unlike the rest of the USR where regulatory motifs may occur on either strand of the DNA, much of the structure of the basal promoter region is asymmetric. It is generally assumed that regulatory motifs occur upstream of this region. The second example above, TATAAATA, is possibly an example of TATA b o x. Because of its specialized role, it is useful to restrict analysis to just the area between 0 and 100. Various over-represented strings and distinctive distribution patterns are observed in that region which are obscured when the entire 0-500 region is analyzed.
Another use of pairwise alignment scores is to look at the location of homologous ORFs within the complete genome. Speci cally, in Figure 8 , the location of each ORF that has at least one homologous partner with a local alignment score greater than 350 is shown over the 16 chromosomes of yeast scaled to the same length. Additional members of these homologous ORF sets can be identi ed by l o wering the cuto from 350, but between 50 and 250, transposable elements are the predominant reason for USR homology. It is apparent t h a t most of the ORFs are in the subtelomeric region of the chromosomes, and most large homologous ORF families are exclusively in these more unstable regions. Furthermore, a detailed inspection shows that most of the homologous ORFs occur in contiguous blocks, indicating that they duplicated as a unit.
Appendix B: Further analysis of co-regulated ORF families Strings with a symmetric hill-shaped distribution pattern are frequently associated with a rapid decrease in gene expression during oxidative stress (Hampson et al., 2000) . For example, for ORFs containing the string GC-GATGAGC ( Figure 5 ), 3 went u p a n d 2 6 w ent d o wn, and for its RC 2 w ent u p a n d 2 0 w ent d o wn. This compares to the genome as a whole in which approximately as many went u p a s d o wn. ORFs were classi ed as up or down if they showed at least a 1.5 fold change in expression during the rst ten minutes. A background level of 20 was added to each expression value before the fold change was calculated in order to eliminate incorrect classi cation based on random background di erences between essentially unexpressed ORFs. Using this method 1543 ORFs were classi ed as changed, 730 up and 813 down. Stricter classi cation criteria modify the numbers but do not modify the general conclusions.
ORFs that measurably decrease in expression must be initially expressed at a measurable level. Consequently, strings that are correlated with down regulation may also be correlated with signi cant expression at time zero, i.e. during normal growth conditions. This was investigated by classifying ORFs with an expression less than 30 as o and those greater than 250 as on. Using these somewhat arbitrary cuto s, 1524 ORFs were on and 1681 were o .
Many strings with symmetric hill-shaped distribution are in fact associated with a high on/o ratio, and conversely, sorting for high on/o values preferentially identi es strings with this distribution pattern. The k-mer, AAATTTTTC (Figure 4) , is a particularly good examp l e o f t h i s . It is associated with both high on/o and low up/down values. Conversely, sorting for high on/o or low up/down values preferentially identi es this string and variants of it.
Like sorting on variance or localization in the 50-200 region, sorting on the on/o or up/down ratio is in itself another method of identifying interesting strings, speci cally ones that are likely to be regulatory motif instances. For example, the well-known stress element CCCCT has the highest up/down ratio over all 5-mers during oxidative stress and its RC A GGGG has the third highest ratio. While it is possible that a string may b e e ective on one strand only, sorting on the combined up/down ratio for a string and its RC does appear to favor known motifs. By this measure, the stress element is rst on the list for 5-mers. Further improvement in motif identi cation is possible if the probability of a string's observed up/down counts is calculated based on the global up/down counts rather than sorting on a simple up/down ratio (Hampson et al., 2000) , but motif nding based on up/down or on/o counts is not pursued here. Neither the stress element or its RC have a h i g h C0=C1 ratio, showing that although strings with high C0=C1 are generally interesting, the converse is not necessarily true.
It was observed that the up/down ratio can show a multiplicity e ect: the magnitude of the ratio is correlated with the number of times a string occurs in an ORF. For example, for the stress element, the up/down ratio monotonically increases for the sets of ORFs having a minimum of 0 through 5 copies of the string or its RC ( T able 14). This multiplicity e ect provides additional evidence that the string in question is a regulatory motif. Unfortunately, like most long strings, the 9-mer GCGAT-GAGC ( Figure 5 ) never occurs more than once per ORF, so this test is not always applicable. However, by c o nsidering all 1-base variations on the original 9-mer, it is apparent that several are similarly over-represented, localized, and correlated with reduced expression. These one-base variations can be combined in the IUPAC motif GT] CA]GATGAG CAG], which has a much larger number of instances (648) and does show a multiplicity e ect (Table 15 ). As seen in Table 9 , there is some conservation of bases in the string's context, and at a minimum, the IUPAC motif should be extended to a 10-mer by adding a T on the right e n d .
